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Datasets

Face Anti-Spoofing (FAS)

H Goal
* Learning discriminative features

OULU-NPU (0), MSU-MFSD (M),
CASIA-MFSD (C), Replay-Attack (I)

» From visually similar live and spoof faces?
* Achieving good cross-domain testing performance
» How to narrow the domain gap?

Ablation Studies

Different combinations of loss terms
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Total loss Ly [0,C.I— M [O.M.I]— C [0,CM]—1 [LC.M]— O
Ly | Lyip I £ duat 7o HTER | AUC | HTER | AUC | HTER | AUC | HTER | AUC
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v 1524 | 9043 | 1833 | 8945 | 17.14 | 89.84 | 1822 | 8837
v v 13.10 | 9198 | 1667 | 9098 | 13.87 | 9284 | 16.19 | 9056
v v v 1143 | 9368 | 13.07 | 9389 | 1064 | 9492 | 1432 | 9254
v v v 1238 | 9314 | 1472 | 9257 | 1271 | 9413 | 1491 | 91.39
v v v v 929 [ 96.86 | 12.00 | 95.67 | 9.43 | 95.02 | 13.51 | 93.68
. . Different convolution kernels
Live images Print attacks Replay attacks
Method HTER | AUC
Vanilla Convolution [25] 16.65 34.19
. . . . Sobel Convolution [37] (CVPR 20) 1496 [ 90.00
LDCNet: Learnable Descriptive Convolutional Local Binary Convolution [15] (CVPR17) | 15.10 | 90.50
Central Difference Convolution [42] (TPAMI 20) 14.94 91.33
NetWOI‘k Ours: LDC 13.51 93.68

H Idea
* Not limited to pre-defined local descriptors

B Proposed method

Experimental Comparisons
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Learnable Learnable Convolution Intra-domain testing
descriptor m  descriptor m' kernel w
Method P. | ACPER | BPCER | ACER | P ACPER BPCER ACER
SGTD [37] (CVPR 20) 2.0 0.0 1.0 32120 22114 2.740.6
y — (1 —¢ W : + te W . + ‘m BCN [41] (ECCV 20) 0.0 1.6 0.8 28424 23428 2.541.1
g(p) ( ) Ze;R, (Pn) - f(P+Pn) ZE;R ) (f(p+pn) -m(pn)) Disentangle [34] (CVPR 20) 1.7 0.8 13 | 3 | 28+22 1.742.6 22422
Pn Pn RAEDFL [12] (ACPR 21) 1.67 0.00 0.83 1.38+1.78 | 0.2840.68 | 0.83+0.86
— 5
. . ~ . Structure [45] (IJCB 21) 1.3 0.0 0.6 23427 1.442.6 1.9+1.6
vanilla convolution learnable descriptive convolution Onrs 0.0 0.0 0.0 135504355 0585001 55719 67
SGTD [37] (CVPR 20) 25 1.3 1.9 6.7+7.5 3.344.1 5.0+2.2
. oL BCN [41] (ECCV 20) 2.6 0.8 1.7 2.944.0 7.546.9 5.243.7
* Dual Attention Su pervision Disentangle [34] (CVPR 20) 2.7 2.7 2.4 4 54429 3.346.0 4.443.0
RAEDFL [12] (ACPR 21) 0.69 1.67 1.18 5414640 | 2504274 | 3.96+3.90
o Lirip Structure [45] (IJCB 21) 2.2 22 2.2 6.7+6.8 0.04-0.0 3.3+34
‘ Iﬂ ‘ - Ours 0.8 1.0 0.9 450148 | 3.17+3.49 | 3.83:2.12
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‘CA; = ||A; — Ay stﬁAs = ||As — Al — [0,C.I| = M [O,M.I]— C [0.CM]— 1 [LC.M]— O
L g0l HTER | AUC | HTER | AUC | HTER | AUC | HTER | AUC
By = 80 E) Soofattentnon MADDG [30] (CVPR 19) 17.69 | 88.06 | 2450 | 8451 | 22.19 | 84.99 | 27.89 | 80.02
’ : __,. &Y - (L. DR-MD-Net [34] (CVPR 20) 17.02 | 90.10 | 19.68 | 87.43 | 2087 | 86.72 | 2502 | 81.47
L SSDG-M [13] (CVPR 20) 16.67 | 9047 | 23.11 | 8545 | 1821 | 94.61 | 25.17 | 81.83
A, RFM [31] (AAAT 20) 1389 | 9398 | 2027 | 88.16 | 17.30 | 9048 | 1645 | 91.16
RAEDFL [12] (ACPR 21) 16.67 | 87.93 | 17.78 | 86.11 | 14.64 | 85.64 | 18.06 | 90.04
< e ANRL [19] (ACM MM 21) 1083 | 96.75 | 17.83 | 89.26 | 16.03 | 91.04 | 15.67 | 91.90
o
TrlpIEt Mmmg it - T T~ DZAM [5] (AAAI 21) 1543 | 9122 | 1270 | 9566 | 2098 | 8558 | 1527 | 90.87
Bt Repls R /.\ S @ = SDA [35] (AAAI 21) 1540 | 91.80 | 2450 | 8440 | 15.60 | 90.10 | 23.10 | 84.30
Live 1 att'zdfs N % \l\i\,’. — \ L X BN CDCN-PS [43] (TBBIS 21) 2042 | 8743 | 1825 | 86.76 | 1955 | 86.38 | 15.76 | 92.43
____________ \\l ~~ = — : rY | o FAS-DR-BC(MT) [27] (TPAMI 22) | 11.67 | 93.09 | 1844 | 8967 | 1193 | 9495 | 1623 | 91.18
Domainl | @ 3¢ [ x / h //"/ @ LMFD-PAD [7] (WACV 22) 1048 | 9455 | 1250 | 94.17 | 1849 | 84.72 | 12.41 | 94.95
- -------C T ,*’x" ‘"‘x\\ SSAN-M [38] (CVPR 22) 10.42 04.76 16.47 90.81 14.00 04.58 19.51 88.17
Domain2 '@ 3¢ M| }‘____ / / B /% \] SSAN-R [38] (CVPR 22) 6.67 | 9875 | 10.00 | 96.67 | 888 | 96.79 | 13.72 | 93.63
2 y Triplet Mining ’/- m \ “"x ) Ours 929 | 96.86 | 12.00 | 95.67 | 9.43 | 95.02 | 1351 | 93.68
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T Limited cross-domain testing
. a P\ 112 a 5
Lorip = ¥ (IFE(x¢) — FE(x") 3 — |FE(&¢) — FE(}) |3 + ) —— M5 C [ V150
v HTER | AUC | HTIER | AUC
; MADDG [30] (CVPR 19) 41.02 | 6433 | 3935 | 65.10
DR-MD-Net [34] (CVPR 20) | 31.67 | 75.23 | 34.02 | 72.65
SSDG-M [13] (CVPR 20) 31.89 | 71.29 | 36.01 | 66.88
e Total Loss REM [31] (AAAT 20) 36.34 | 6752 | 29.12 | 72.61
& RAEDFL [12] (ACPR 21) 3111 | 72.63 | 2923 | 74.62
Lr=L;+ ﬁﬁtrip + YL qual ANRL [19] (ACM MM 21) 31.06 | 7212 | 30.73 | 74.10
DZAM [5] (AAAI 21) 3265 | 7204 | 2770 | 75.36
SDA [35] (AAAI 21) 3217 | 72.79 | 2890 | 73.33
SSAN-M [33] (CVPR 22) 30.00 | 7620 | 2044 | 76.62
K Ours 2222 | 82.87 | 21.54 | 86.06
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